Recently it has been shown that regional lung perfusion can be assessed using time-resolved contrast-enhanced magnetic resonance (MR) imaging. Quantification of the perfusion images has been attempted, based on definition of small regions of interest (ROIs). Use of complete lung segmentations instead of ROIs could possibly increase quantification accuracy. Due to the low signalto-noise ratio, automatic segmentation algorithms cannot be applied. On the other hand, manual segmentation of the lung tissue is very time consuming and can become inaccurate, as the borders of the lung to adjacent tissues are not always clearly visible. We propose a new workflow for semi-automatic segmentation of the lung from additionally acquired morphological HASTE MR images. First the lung is delineated semi-automatically in the HASTE image. Next the HASTE image is automatically registered with the perfusion images. Finally, the transformation resulting from the registration is used to align the lung segmentation from the morphological dataset with the perfusion images. We evaluated rigid, affine and locally elastic transformations, suitable optimizers and different implementations of mutual information (MI) metrics to determine the best possible registration algorithm. We located the shortcomings of the registration procedure and under which conditions automatic registration will succeed or fail. Segmentation results were evaluated using overlap and distance measures. Integration of the new workflow reduces the time needed for post-processing of the data, simplifies the perfusion quantification and reduces interobserver variability in the segmentation process. In addition, the matched morphological data set can be used to identify morphologic changes as the source for the perfusion abnormalities.
Introduction
Various lung diseases are accompanied by changes in regional lung perfusion, e.g. pulmonary embolism, lung cancer, chronic obstructive pulmonary disease (COPD). In clinical practice, pulmonary perfusion is typically assessed by radionuclide perfusion scintigraphy, which has limited spatial and temporal resolution.
Recently it was shown that regional lung perfusion can be investigated using time-resolved contrast-enhanced MR imaging (MRI), which offers spatial and temporal resolution superior to scintigraphy (Levin et al 2001 , Ohno et al 2004 , Fink et al 2004 .
Technically, perfusion MRI comprises dynamic imaging of the first pass of an MR contrast agent bolus through the lung parenchyma. Perfusion MRI is usually complemented by morphologic MRI, such as half-Fourier single-shot turbo spin-echo (HASTE).
The data have to be post-processed to quantify regional lung perfusion. First, the arterial input function is defined by placing a small region of interest in the main pulmonary artery. Then the volumes of interest (VOI) have to be defined for each lung lobe. To avoid systematic overestimation of the pulmonary perfusion, this VOI should match the lung morphology as closely as possible and omit large central lung vessels. Pulmonary blood flow (PBF), regional pulmonary blood volume (PBV) and the mean transit time (MTT) are calculated using the principles of the indicator dilution theory (Meier and Zierler 1954) . To establish the new quantification method in clinical routine, processing time needs to be decreased.
Although the spatial resolution of the perfusion images is superior to radionuclide scintigraphy, the boundaries of the lung to adjacent tissues and blood vessels are difficult to detect, due to the low signal-to-noise ratio of the perfusion data. Therefore automatic segmentation of the perfusion images is usually not feasible, neither is manual segmentation, which is error prone and time consuming.
Furthermore it is of great interest to fuse the image data with morphological and ventilation MR data to get a better understanding of the lung function. The fusion of the different MR images could help the clinician to identify relations between morphological, ventilation and perfusion defects.
In the work presented here, we propose a new workflow to efficiently register morphological MR images with perfusion data and to delineate the lung in the perfusion images by transforming a lung segmentation obtained from the morphological image. The technical contributions of this paper are twofold. First, we evaluate an intensity-based registration method to answer the question as to what extent automatic fusion of the morphological HASTE images with the functional perfusion images can be obtained. We compare and evaluate transforms with different degrees of freedom, ranging from rigid to elastic. Different optimization methods and image metrics are analysed. Second, we analyse the capability of the transformed morphological segmentation to delineate the lung in the perfusion images.
Related work
There were no references in literature describing the registration of MRI lung perfusion data with morphological MRI data sets. As regards the segmentation of perfusion data, recent clinical reports on 3D MRI perfusion analysis only used manual contouring methods for VOI definition (Fink et al 2005) or circular ROI (Levin et al 2001 , Ohno et al 2004 . No technical papers were found dealing with segmentation of perfusion image sequences.
Nevertheless, there are various publications on image registration techniques which could be applied to solve the described problem. Rizi et al (2003) ventilation and perfusion data of the lungs from sedated pigs. Mattes et al (2003) registered PET and CT images of the lung using cubic B-splines, matching the CT data with the transmission image. There are several other publications dealing with model-based CT lung data registration or registration to an atlas (Betke et al 2003 , Cai et al 1999 , Zhang and Reinhardt 2000 , which cannot be applied in the workflow proposed here, because they are based on the prior existence of lung surface models for both images. We found no references in the literature describing a method for automatic or semiautomatic 3D segmentation of morphological MRI datasets of the lung. One two-dimensional segmentation approach was presented by Ray et al (2003) based on two-dimensional mergeable parametric active contours.
In Böttger et al (2005) we proposed a semi-automatic approach to delineate the lung in the HASTE images using 3D-simplex meshes. Using this new method, the average time needed for lung segmentation was between 5 and 10 min.
Materials and methods
The developed workflow is presented first. Data acquisition and the workflow's different image processing steps are explained in detail. Then the registration problem is analysed in detail and possible solutions are discussed. Finally, the evaluation experiments are described.
New workflow
We developed a new workflow combining semi-automatic segmentation of the morphologic HASTE images and automatic intensity-based registration of the HASTE images with the perfusion images (see figure 1) . The basic idea is very simple. We use the morphological dataset for segmentation and the transform resulting from the registration to match the HASTE segmentation with the perfusion images. The single steps of the workflow, (i) segmentation of the lung tissue in the morphological images, (ii) automatic registration and (iii) fusion of the lung segmentations, are now explained in detail.
2.1.1. Image acquisition. All images were acquired on a 1.5 T MR scanner, a Magnetom Symphony (Siemens Medical Solutions AG, Erlangen, Germany). The HASTE sequence is a two-dimensional image acquisition technique (TE = 28 ms, TR = 600 ms, flip angle = 180
• ). Images were acquired coronally under breath-hold in an end-inspirational position. Only datasets from patients who were able to hold their breath over the whole sequence were used. The HASTE images consist of approximately 30 slices with an in-plane voxel resolution of 1.5 mm and 256 × 256 voxels. Slice thickness is 6 mm.
Perfusion images are acquired using a real three-dimensional MR imaging sequence with parameters different to the HASTE images (TE = 0.84 ms, TR = 1.94 ms, flip angle = 40
• ) to achieve sufficient temporal resolution and signal-to-noise ratio. In-plane resolution of the perfusion data is 1.875 mm and slice thickness is 5 mm. A slice consists of 192 × 256 voxels. Twenty frames are acquired in 30 s. During image acquisition, the contrast agent bolus passes the vasculature of the lung, which results in large contrast differences. At the beginning and the end of the time series, no contrast agent is visible, while the agent dominates in the middle of the series. Furthermore, one has to struggle with folding artefacts in the partition encoding direction. Towards the end of the time series motion artefacts perturb the image quality, due to the fact that some subjects cannot hold their breath as long as necessary, remembering the acquisition time of 30 s. Figure 2 shows a slice of a HASTE image and one partition of a 3D dataset at four different time points during the passage of the contrast agent through the pulmonary circulation. Sixteen subjects were selected, comprising six healthy volunteers and ten patients with pulmonary embolism.
HASTE image segmentation.
The higher quality HASTE images are used to generate accurate lung segmentations. To reduce possibility of erroneous HASTE image segmentations we decided to use an interactive two-dimensional segmentation plug-in, which is already in use and accepted by our clinical partners . The plug-in offers several 2D-segmentation tools to the user, e.g. an interactive region grower with an integrated oneclick leak-out correction and an 'intelligent' correction tool .
2.1.3. Intensity-based registration. This step of the new workflow is crucial for the successful solution of the presented segmentation problem. The goal is to obtain an optimized geometric transformation T opt which spatially aligns the acquired HASTE image with the perfusion image. The perfusion image is used as reference, the HASTE image as model. We will first take a close look at the data which are to be registered and classify the registration problem. Then a possible solution for an intensity-based registration is derived (see section 2.2).
For implementation of the registration algorithm, the Insight Segmentation and Registration Toolkit (ITK) was used (Ibanez et al 2003) . ITK provides a complete registration framework where different components, e.g. optimizer, transformation or similarity measure, can easily be modified or exchanged. As the toolkit is an open source, the results obtained from our work can easily be validated and reused.
Fusion of the lung segmentation with the perfusion sequence.
After registration, the optimized geometric transformation T opt can be obtained. Remember that this transformation T opt brings the HASTE image into anatomical correspondence with the perfusion images. T opt can now be applied to the segmentation of the HASTE image. The result is a segmentation of the lung matching the perfusion image, which is resampled to the resolution of the perfusion image.
As the lung segmentation is a binary image, a suitable interpolation method has to be used when applying T opt . Nearest neighbour (NN) interpolation produced several unconnected regions and holes in the segmentation. Instead we treat all pixel values of the binary segmentation image as real numbers. During application of the transform T opt and the resampling process of the segmentation, linear interpolation is used. Finally, a binary threshold is applied to the transformed image at 0.5 which gives us the transformed segmentation.
The workflow was implemented using the medical imaging and interaction toolkit (MITK), which allows for rapid prototyping of interactive medical image processing applications .
Classification of the registration problem
As stated in section 1.1, no experience existed for the underlying registration problem. We first classified the registration problem following the registration surveys of van den Elsen (van den Elsen et al 1993) and Maintz (Maintz and Viergever 1998) as follows:
The MRI perfusion sequence produces time-resolved three-dimensional images. As we want to register the HASTE image to a single time frame, dimensionality of the registration problem is three-dimensional. Both images are acquired sequentially under breath-hold in end-inspiratory phase of the breathing cycle. Global rigid, affine and a B-spline transformation (Rohlfing et al 2001 , Hajnal et al 2001 are applied and compared with respect to registration accuracy. We chose a regularly spaced grid of control points (spacing = 30 mm in each dimension) as none of the other grid configurations performed significantly better. Although both images are acquired using magnetic resonance imaging, they reveal different structures. Hence, we define the underlying registration problem to be multi-modal. The complete thorax MR images are considered for registration. We used an intrinsic intensitybased registration method. For estimation of registration quality, different mutual information (MI)-based image-to-image metrics are compared. We evaluated the Viola and Wells metric implementation as described in Viola and Wells (1997), Mattes MI metric implementation (Mattes et al 2001) and two histogram-based implementations: MI histogram metric (MIH) and normalized MI histogram metric (NMIH) (Studholme et al 1999) . For metric optimization, two gradient descent optimizers and an evolutionary optimizer are evaluated with respect to the time needed and the optimization performance itself. In the case of the rigid and the affine registration where a small number of parameters is to be optimized, gradient descent optimizers are superior. We decided to use the regular step gradient descent optimizer as it is able to converge in contrast to the gradient descent optimizer. For all performed experiments with rigid and affine registration the minimum step was set to 0.01 and maximum step to 5. The maximum number of allowed iterations was set to 100. These values were determined experimentally. Looking towards elastic B-spline registration, where the number of parameters is considerably higher (N params > 1000), we analysed the performance of the different optimization strategies (see section 2.4).
Next the setup of the conducted experiments is described. It consists of two main sections. First, setup of the experiments for evaluation of the different registration metric implementations and optimizers is described. Then the experiments for workflow evaluation are explained.
Experiment I-similarity metrics performance
To analyse the performance of the different metric implementations for our registration problem we conducted the following study using data from five subjects randomly selected from the 16 available datasets. First a clinical expert interactively matched the data using a translation transform. Keeping the z-component of the resulting translation vector t fixed, we evaluated the different MI implementations for the interval [t i − 40 mm, t i + 40 mm], i ∈ {x, y} around the position determined by the clinician.
Experiment II-optimizer performance comparison
When optimizing a large number of parameters, computation of the derivative of the cost function can become very time consuming and this can influence the performance of gradient descent optimizers. Furthermore, gradient descent methods may become unstable when optimizing in a high-dimensional parameter search space. Search direction may often change decreasing performance of such optimizers. We evaluated the three optimization strategies for an elastic B-spline registration, using a grid size of 14 × 17 × 6 (9180 parameters) looking at their general performance in speed and in finding the cost function optimum.
Experiment III-evaluation of registration performance
The new workflow was applied to all 16 study subjects using rigid, affine and elastic transformations. Evaluation aimed at verifying the quality of the registration procedure given an accurate HASTE image segmentation. Therefore we let a clinical expert delineate the lung in the HASTE images for all 16 datasets as described in section 2.1.2. Furthermore we let three experts delineate all 16 perfusion datasets manually. Expert segmentations were used to compute a ground truth estimate using the expectation-maximization algorithm of Warfield et al (2002) . Time for manual delineation of the lung in one perfusion dataset varied from 20 to 40 min. Manual segmentations were compared to the ground truth estimates as well. For comparison of the segmentations three measures are applied, one overlap measure and two surface distance measures. For measuring segmentation overlap the Dice coefficient DSC is used (Dice 1945 
Furthermore, two distance measures, the average surface distance D and the Hausdorff distance HD, are applied which compute on the outline of the two segmentations. The average surface a, b) being the Euclidean distance between two points. While the average surface distance computes a mean error, the Hausdorff distance returns the maximum error of the segmentations. We also use these measures to determine if the lung structures were matched correctly. Furthermore, the speed for computation of the different registration transformations was measured during the experiments.
Results
First, optimization results for the different registration components, i.e. image similarity metric and optimizer, are given. Then qualitative registration results are presented. Finally, we present quantitative results for evaluation of the developed segmentation workflow and compare them to the manual results.
Experiment I-similarity metrics performance
3.1.1. Finding the optimum and speed. Accuracy of finding the metric optimum as defined by the clinical expert is in the same range for the Mattes MI metric and both histogram-based implementations. Only for the Viola and Wells metric it tends to be less accurate. Table 1 shows the median of the mean Euclidean distances to the interactively determined optimum for all four implementations under different configurations over all five datasets.
In terms of speed Mattes MI metric outperformed the other implementations. The Viola and Wells metric implementation is the slowest. Increasing the number of samples N makes the evaluation of this metric computationally very expensive. For smaller N accuracy was low.
Smoothness.
Looking towards the optimization process the smoothness of the cost function is an important property for fast and successful automatic registration. In general all implementations produced smooth plots under most parameterization except the Viola and Wells metric. Figure 3 shows the plots of two differently configured Viola and Wells metric computations, one Mattes MI metric and one MI histogram metric experiment. Viola et al stated in Viola and Wells (1997) that using relatively small sample set sizes of ≈50 samples produces good results. Figure 3(a) shows the plot of the metric for different translations in the x-and y-directions around the interactively found translation optimum for N = 90 samples. Using more spatial samples increases the metrics' smoothness, increasing its computation time dramatically.
Final metric choice.
Due to its high computation time and its rather noisy characteristics, we decided not to use the Viola and Wells metric. Both of the histogram metrics produced solid results but were ≈10× slower than the Mattes MI metric, so the Mattes MI metric implementation was chosen. For all evaluation experiments, a bin size of N bins = 30 and a spatial sample set size N samples = 5% was used.
Experiment II-optimizer performance comparison
Computation time for one iteration was 17 s for the gradient descent optimizer, 21.5 s for the regular step gradient descent optimizer and 10.5 s for the 1+1-evolutionary optimizer. Figure 4 shows the typical development of the cost function under the three optimizers for the first 200 iterations. It can be seen that the gradient descent optimizer performs best if one lets all optimizers run the same amount of iterations. Letting the 1+1-evolutionary optimizer run the same amount of time, it produces metric values comparable to the gradient descent optimizer. It does not perform better. We let all three optimizers run for large maximum numbers of iterations N it ≈ 10 000 and different update rates. None of them converged under any parameterization of the elastic B-spline registration. The cost function always decreased. Finally, we decided to use the gradient descent method for optimizing the B-spline registration with a fixed number of 200 iterations and a learning rate of 1.0.
Experiment III-visual inspection for qualitative assessment of results quality
First visual results are presented. Figure 5 shows the same slice of a perfusion data set overlaid with the ground truth estimate (a), the rigid (b), affine (c) and elastic registered segmentation (d). One can hardly see any visual differences. In most cases the clinical expert was already satisfied with the result of the rigid registration. There are no visible differences between rigid and affine results. Looking at figure 5(d) one can see that the elastic registration better approximates the right lung's boundary near the diaphragm or the boundary of the upper left lung. On the other hand the left lung lower boundary is best approximated by rigid/affine while elastic introduced a small error. Figure 6 shows checkerboard images of the same slice for the unregistered images (figure 6(a)) and after application of different registration transformations (figures 6(b)-(d)). One can best see the improvements when looking at the regions around the rib cage. Again, there is no visible difference between rigid and affine results, but one can see the better match in the elastic result.
Experiment III-performance comparison of rigid, affine and elastic registration
Time needed for automatic registration depended on the used registration transformation. Rigid registration converged after an average of 17 iterations needing ≈15 s. Affine registration converged after an average of 45 iterations taking ≈1 min 45 s. The elastic B-spline registration with 200 iterations took 25 min.
Experiment III-evaluation of the manual perfusion image segmentations
The manual segmentations M1-M3 were each compared to the generated ground truth images using the Dice coefficient DSC, average surface distance D and Hausdorff distance HD. The mean values (±standard deviation σ ) of the three measures computed over M1-M3 are as follows: 0.876(±0.042) for DSC, 3.67(±1.18) for D and 36.2(±7.33) for HD.
Experiment III-evaluation of the registered HASTE segmentations
We applied the new workflow to all data sets, comparing rigid, affine and elastic registration. For each study subject, the registration type producing the best values for DSC, D and HD was determined. Results are shown in table 2. For data sets 4, 6, 10, 11, 14, 16 the determined best registration transform varies using the three different evaluation measures. Looking closer at the variances of the measures' values reveals that, for these data sets, the differences to the other transform types are very small. In these cases the different registration transformations performed very similarly.
The values obtained for DSC, D and HD were compared to the measured values computed for the manual segmentations M1-M3. For ten subjects, one of the three measures was better than the mean measure value of the three manual segmentations; for 11 subjects one of the measures was better than the worst manual segmentation. For five (eight) patients all three measures produced better results than the mean (worst) measure values from the manual segmentations. Table 3 shows the mean of the maximum computed measure values for DSC, D and HD over all data sets for comparison of the registered HASTE segmentations with the ground truth images.
The mean measure values for the registered segmentations (table 3) are only slightly lower than the mean measure values computed for the three manual segmentations. The standard deviation for DSC is slightly smaller for the rigidly and elastically registered segmentations than the values for manual segmentation evaluation. Only the Hausdorff distance HD differed significantly from the results for manual segmentation evaluation.
We computed the absolute difference of the Dice coefficient from the rigid, affine and elastic registered segmentations. The mean absolute difference is 0.028 for comparing DSC rigid versus DSC affine , 0.05 for DSC rigid versus DSC elastic and 0.031 for DSC affine versus DSC elastic .
Experiment III-time frame selection and folding artefacts
We registered the HASTE image to each of the time frames for all subjects, to find out if the described disturbances significantly influence the registration result.
To estimate the stability of the registration, the variance σ 2 of HD was computed for each study subject over the 20 time frames. Mean variance over the 16 study subjects was 1.96 for rigid, 1.52 for affine and 23.10 for elastic registration. Variance of the elastic registration results is approximately ten times higher than results of rigid and affine registration.
Further analysis of the elastic registration results showed that registration quality decreases for certain time frames only. Figure 7 shows the average DSC, D and HD over all patients for each time frame. The means of all three measures take their optimum for time frame images from the beginning or from the end of the perfusion image time series. At the middle of the series, the mean DSC takes its minimum and the mean D and HD take their maximum. Typically around this time frame the contrast agent passes the lungs' vessels.
We found that the existence of folding artefacts can make an intensity-based registration approach impossible, while rigid and affine registration still work. 
Discussion
We showed the general feasibility of the proposed workflow and the possibility of registering morphologic MR images with perfusion images.
Similarity metrics and optimizer performance
4.1.1. Metric evaluation. We did not use the Viola and Wells metric implementation, as either the size of the random sample set was too small to estimate the densities or the metric computation time was too high. The reference value for the size of the random sample set given by Viola and Wells was too small for the perfusion MR images and did not produce satisfying results. The histogram-based metric implementations performed nearly equivalently. Our supposition that the normalized MI histogram metric would be superior to the standard MI histogram metric implementation could not be confirmed. Our choice to use Mattes MI metric implementation was founded on the speed and the observed stability in the metric evaluation experiments. It was also confirmed by the high stability during the workflow evaluation, especially for rigid and affine registration.
Optimizer evaluation.
Results of experiment II did not show any optimizing method being superior to another. The fact that the similarity metric never came to a local optimum indicates that the mutual information metric used might not be able to discriminate between correct and incorrect small local image deformations. None of the optimizers performed significantly faster or were more stable. Further experiments should be conducted.
Evaluation of registration
No gold standard was available to quantify the registration and segmentation accuracy. We used three manual segmentations of the perfusion data to compute a ground truth estimate. This estimate was used for comparison with segmentations of the HASTE images which were transferred to the perfusion data according to the calculated registration transformation. We assume that the better the overlap of the registered segmentation with the ground truth estimate, the better is the underlying registration transform. Following this assumption, we can use segmentation evaluation measures to get a quantitative estimate of the registration accuracy. All applied evaluation measures evaluate a binary segmentation or the surface of the segmentation. No grey value correspondences were taken into account. Thus, these measures cannot guarantee or estimate whether anatomical correspondences are really aligned after the registration process. Nevertheless the applied method can be used to evaluate the usefulness of the overall workflow, because the quantification of the perfusion data depends on the correctness of the segmentation and not on anatomical correspondence. We cannot say, if errors in the final segmentations were already introduced during semiautomatic 2D segmentation of the lung in the HASTE images or during registration. The HASTE images were delineated and validated by a clinical expert and in a previous study on lung segmentation the 2D tool showed low interobserver variability (Böttger et al 2005) . It should therefore be suited for an accurate lung segmentation.
Comparison of rigid, affine and B-spline registration.
In section 3.6 we analysed which transformation type performed best for each dataset. We found, as expected, that in most cases the elastic registration produced better matching segmentations. On the other hand, elastic registration was the only approach sensitive to contrast changes due to the passing bolus and, not surprisingly, significantly slower than rigid and affine registration.
The small differences of DSC when comparing rigid, affine and elastic registration indicate that the three different transformations produce a comparable overlap error. If the inspiration state differences between HASTE and perfusion image acquisition are very small, the rigid registration can produce adequate results. This finding is underpinned by qualitative evaluation of the registration results by a clinical expert, who validated all registration results and rated the quality of the rigidly registered segmentations as good.
Influence of time frame selection on registration performance.
We found no significant differences in the performances of the rigid and the affine registration when changing the reference image from one time frame to another. Therefore we can say that the choice of the time frame does not influence the registration results when applying rigid or affine transformations.
This was different for elastic registration. Here we found that the choice of the time frame can influence registration performance very strongly. We found that taking an image from the beginning or the end of the time series improves the registration results. The similarity measure-mutual information-used for registration gets disturbed by the changing image intensities due to the passing of the contrast agent bolus. Taking the possibility into account that the patient cannot hold his breath as long as the whole imaging sequence takes, we favour the early time frames, abandoning the first time frame, as here often strong folding artefacts appear.
Implementation issues.
During development of the registration method, several questions came up. We used the open-source Insight Segmentation and Registration Toolkit (ITK). Implementation of some registration components was not optimal. Changes in the implementation of the B-spline transformation and the evolutionary optimizer should be considered, which could lead to performance improvements also for the workflow presented here.
Conclusion
Evaluation results convinced us that the developed workflow can be used to produce accurate segmentations of lung tissue in the perfusion images, benefiting from the higher quality of the morphological HASTE image. Elastic registration showed the best results when early time frames were used, but its accuracy strongly depends on the quality of the image data. For best clinical output we suggest using a rigid transformation, trading a minimum of accuracy loss for much higher computational speed. Improvements of the novel imaging technique could lead to better data improving performance of the elastic registration. One drawback of the elastic registration approach is its computational complexity. The B-spline transformation implementation from ITK used for our experiments is not computationally most efficient. Using the approach presented by Kybic and Unser (2003) could significantly decrease the computation time. For the future, we plan to substitute the interactive segmentation method by more automatic approaches. Another important point is to evaluate to what extent the perfusion analysis is influenced by the new provided VOI segmentations, which should be performed next.
